Maintaining acceptable groundwater levels, particularly in arid areas, while protecting 12 ecosystems, are key measures against desertification. Due to complicated hydrological 13 processes and the uncertainty of the effects of anthropogenic activities, investigations of 14 groundwater recharge conditions are challenging, particularly in arid areas under climate 15 changing conditions. To assist the planning to protect against desertification, a fault tree 16 methodology, in conjunction with fuzzy logic and Bayesian data mining, is applied to Minqin 17 Oasis, a highly vulnerable region in northern China. A set of risk factors is employed within 18 the fault tree framework, with fuzzy logic translating qualitative risk data into probabilities. 19
its "offspring" (contributing factors) Rc. Risk items with no further offspring are termed 112 "basic risk items", while the risk item without a 'parent' is the 'top risk item'. Those between 113 the top and bottom events are termed middle risk events. As a result, all critical paths for 114 occurrence of an undesired state can be identified through the analysis and construction of the 115 Fault Tree model. 116
There are two types of evaluations in Fault Tree Analyses, namely (i) qualitative 117 evaluation and (ii) quantitative evaluation. The task of qualitative evaluation is to derive a 118 logical structure amongst different events, while the objective of the quantitative evaluation is 119 to assess the risk factor R(l, c) with the likelihood of a failure l and the consequence of failure 120 c. In this paper, a quantitative evaluation is utilized for the risk assessment. 121
2.2
Bayesian data mining 122 methodology 123
Bayesian Data Mining Methodology (BDMM) is a method of reasoning, based on a well-124 defined probabilistic theory, namely Bayes' theorem. BDMM searches the results that best 125 reflect the dependent relationships in a database of cases and provides a framework for 126 handling probabilistic events. It has been proven to be a powerful formalism for expressing 127 complex dependencies between random variables. In the presence of evidence, Bayes' 128 Theorem is used to compute the posterior probability distribution of a random variable and is 129 here used to estimate the consequences of failure c for each risk factor R. work has led to sophisticated and efficient algorithms for computing and inferring 146 probabilities in Bayesian analysis (Huang and McBean, 2007) . The primary objective of the 147
Bayesian parameter estimation method is to estimate the marginal probability P(c | R c , R) 148 based on two components, the observed data R c , R and the prior distribution gained from 149 domain knowledge, P(c). The results are given as the confidence intervals for model 150 parameters based on predefined confidence levels. Sampling methods based on the Markov 151
Chain principle incorporate the required search aspect in a framework where it can be proven 152 that the correct distribution is generated at least in the limit, as the length of the chain grows. 153 MCMC requires a large number of iterations (normally>10,000) to get convergence (Huang 154 and McBean, 2008 there is a linguistic variable, 'High', can be defined more specifically by the term set 169 'Extremely high', 'Very high', 'Moderately high': each of which is a fuzzy set. The number 170 of fuzzy sets is usually between three and seven (Lee et al., 2009) . 171
Fuzzy sets are distributed as 'R', and each fuzzy set is mapped into a membership function, 172 'm', which ranges from 0 to 1. 'm' shows how strongly the 'R' is associated with the 173 linguistic term, for example, a percentage of 'R' belongs to high. In the relationship between 174 'R' and 'm', a grade of membership is calculated using a membership function shape. Risk is assessed in seven grades here, namely, extremely low, low , moderately low, medium, 182 moderately high, high and extremely high ( Table 2 ). The membership function represents a 183 means to convert a fuzzy number into a number, or vice versa. A crisp number differs from a 184 fuzzy number such that the crisp number represents a real value and a fuzzy number 185 represents only the relationship of the membership grades. For example, assuming the 186 likelihood of a risk factor is between low (2), and moderately low (3) but much closer to 3 187 than 2, a crisp number of 0.31 may be chosen to represent the scenario. 188
Failure risk R is quantified as the product of risk likelihood and its consequence, which can be 189 expressed as TFN lc =TFN l ×TFN c = (ma l •ma c , mb l •mb c , mc l •mc c ). When combining fuzzy sets,8 this procedure is "defuzzification" which is a process to define a fuzzy set as a crisp number. 192
The most common method is the Centre of Gravity approach, based on Bayesian probability. climate scenarios that are most widely used are A2 (high degree of greenhouse-gas emission), 279 middle degree A1B, and low degree B1, Committed degree (equal to that of the year 2000) 280 and principal degree (on the premise of de-industrialization).
Fault tree analysis 282
FTA is a graphical analytical method to evaluate system reliability. When there is an 283 undesired state or a failure, all factors that directly lead to the undesired state or failure will be 284 identified. Then, the identifying causes for the lower event are investigated until a root or 285 controllable cause is obtained. At the end, all critical paths for the occurrence of the undesired 286 state will have been identified. In FTA, the undesired event is called the "top event", while 287 the event where the failure rates and probabilities enter the Fault Tree is termed the "bottom 288 event" or "base event"; those between the top and base events are the middle events. The 289 relationship or logic of the Cause-Effect events is identified. By applying logic gates (AND 290 and OR gates), a tree derivation is structured with these events, which are represented by 291 standard logic symbols. 292 293
Fault Tree construction of water table level in Minqin

294
In the analysis, the decline of the water table in Minqin could be inferred to be an issue 295 caused by the combination of human and natural factors. In the system, "decline of water 296 table in Minqin" is classified as the top event. The causes for the decline are the increase in 297 local water consumption and the decrease of water supply from the Hongyangshan Reservoir. 298
Local water consumption consists of four parts, including agricultural water, domestic and 299 industrial water, and consumption by the ecological system components. 300
Agricultural water consumption is influenced by the variability of the cultivated area, as well 301 as local PET and the precipitation. Domestic and industrial water consumption are used as the 302 "bottom" event because these are essentially immune from the natural factors indicated above. 303
Ecological water is used for irrigation of local vegetation, in order to prevent further 304 desertification. This water consumption is influenced by PET and precipitation. FT for 305 groundwater in Minqin is shown in Fig. 2.  306 The Bayesian models to represent the three subsystems are constructed using WinBUGS, 329
Transformation of observation data for variables in Fault Tree
respectively. These models apply the likelihoods derived from the cumulative frequency 330 above. In each subsystem model, the length of the input data equals that of the shortest series. 331
Comparison of the observed and calculated data (for the cumulative frequency) was 332 conducted to verify the three sub models in WinBUGS. 333 334 4 Results and discussion 335
Climate change trends for the past 336
several decades 337
Average annual temperature
338
The average temperature in Wushaoling has shown an upward trend (Fig. 3a) . Applying trend 339 line fitting, we can see an increase of 0.021°C/yr for the average temperature is defined, while 
Projected climate change trends 362
given by CGCM 363 Fig. 7 and 8 show the annual temperature change, PET and precipitation given by CGCM3.1. 364
Comparing all of these curves, the average temperature, PET and precipitation in the three 365 different scenarios all have fluctuating upward trends. The climate elements have different 366 rates of increase. Except for the PET of the A1B scenario, the other rates of increase have all 367
shown a relationship of A2>A1B>B1. 368
Risk assessment for water table 369
variance 370
Results of Bayesian data mining methodology
Results of observed data-based methodology for Fault Tree calculation are shown in Tables 4.  372 In the tables, CL is the unknown parameter c, and τ which is used to evaluate the closeness of 373 the fit (the larger τ, the better the fit). Sigma represents parameter σ, another parameter to 374 evaluate the closeness of fit and σ=1/ . It can be seen from Table 3 perhaps due to the short data series (only seven years). Risk probability of each node is listed 378 in Table 4 . 379
The values of cumulative frequency for the decline of the water table as well as for 380 agricultural water consumption and ecological water consumption were calculated by 381
WinBUGS. In order to demonstrate the validity of the models, the results from WinBUGs 382
were plotted with the observation data. As shown in Therefore, the model can be regarded as valid and can be used for predictions for the future 397 due to climate change. 398
Results of Fuzzy-based methodology
Importance degrees calculated according to fuzzy numbers are shown in Table 5, Risk factors for the decline of water table levels in the three scenarios could be transformed to 432 the rate of descent in water table levels by looking up the value at the cumulative frequency 433 curve for the decline of the water table. It can be seen from Table 7 that the decline of the  434   water table levels 
